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Abstract

Background: Atrial fibrillation (AF) is the most common arrhythmia in clinical practice, yet interpretation concerns among
healthcare providers persist. Confounding factors contribute to false-positive and false-negative AF diagnoses, leading to
potential omissions. Artificial intelligence advancements show promise in electrocardiogram (ECG) interpretation.

Objective: We sought to examine the diagnostic accuracy of ChatGPT-4omni (GPT-4o), equipped with image evaluation
capabilities, in interpreting ECGs with confounding factors and compare its performance to that of physicians.

Methods: Twenty ECG cases, divided into Group A (10 cases of AF or atrial flutter) and Group B (10 cases of sinus or another
atrial rhythm), were crafted into multiple-choice questions. Total of 100 practitioners (25 from each: emergency medicine,
internal medicine, primary care, and cardiology) were tasked to identify the underlying rhythm. Next, GPT-4o was prompted in
five separate sessions.

Results: GPT-4o performed inadequately, averaging 3 (±2) in Group A questions and 5.40 (±1.34) in Group B questions. Upon
examining the accuracy of the total ECG questions, no significant difference was found between GPT-4o, internists, and primary
care physicians (p = 0.952 and = 0.852, respectively). Cardiologists outperformed other medical disciplines and GPT-4o (p <
0.001), while emergency physicians followed in accuracy, though comparison to GPT-4o only indicated a trend (p = 0.068).

Conclusions: GPT-4o demonstrated suboptimal accuracy with significant under- and over-recognition of AF in ECGs with
confounding factors. Despite its potential as a supportive tool for ECG interpretation, its performance did not surpass that of
medical practitioners, underscoring the continued importance of human expertise in complex diagnostics.
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Abstract 

Introduction Atrial fibrillation (AF) is the most common arrhythmia in clinical practice, yet 

interpretation concerns among healthcare providers persist. Confounding factors contribute to false-

positive and false-negative AF diagnoses, leading to potential omissions. Artificial intelligence 

advancements show promise in electrocardiogram (ECG) interpretation. We sought to examine the 

diagnostic accuracy of ChatGPT-4omni (GPT-4o), equipped with image evaluation capabilities, in 

interpreting ECGs with confounding factors and compare its performance to that of physicians.

Methods Twenty ECG cases, divided into Group A (10 cases of AF or atrial flutter) and Group B (10

cases of sinus or another atrial rhythm), were crafted into multiple-choice questions. Total of 100 

practitioners (25 from each: emergency medicine, internal medicine, primary care, and cardiology) 

were tasked to identify the underlying rhythm. Next, GPT-4o was prompted in five separate 

sessions.       

Results GPT-4o performed inadequately, averaging 3 (±2) in Group A questions and 5.40 (±1.34) in

Group B questions. Upon examining the accuracy of the total ECG questions, no significant 

difference was found between GPT-4o, internists, and primary care physicians (p = 0.952 and = 

0.852, respectively). Cardiologists outperformed other medical disciplines and GPT-4o (p < 0.001), 

while emergency physicians followed in accuracy, though comparison to GPT-4o only indicated a 

trend (p = 0.068).

Conclusion GPT-4o demonstrated suboptimal accuracy with significant under- and over-recognition

of AF in ECGs with confounding factors. Despite its potential as a supportive tool for ECG 

interpretation, its performance did not surpass that of medical practitioners, underscoring the 

continued importance of human expertise in complex diagnostics.      
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Atrial fibrillation (AF) is the predominant arrhythmia in clinical practice [1]. Despite the fact that 

proficiency in interpreting electrocardiograms (ECGs) is essential for medical practitioners [2], major 

concerns exist about the interpretation skills of healthcare providers. Several studies indicate 

suboptimal levels among internists, emergency physicians  [3,4], primary care physicians [5], and even 

cardiologists [6]. Numerous confounding factors contributing to both false-positive and false-negative 

diagnoses of AF have been identified [7–9], complicating the diagnostic process and potentially 

leading to significant medical omissions.

Artificial intelligence (AI) is transforming the field of medicine by enabling machines to perform tasks

that historically relied on human intelligence [10]. One of the most prominent models is OpenAI’s 

ChatGPT (Generative Pre-trained Transformer), has evolved significantly since its initial 

introduction. Several iterations have excelled in medical examinations, outperforming cardiologists 

and emergency physicians in the interpretation of ECGs [11–13]. Released on May 13, 2024, the 

ChatGPT-4omni (GPT-4o), exceeds its predecessors with improved multimodal capabilities. Unlike 

previous versions, GPT-4o image analysis feature lets users upload and analyze medical images, 

incorporating the results into its decision-making.

The aforementioned underlines the clinical relevance of developing an integrated AI tool to aid 

healthcare providers in interpreting ECGs for AF, aiming to reduce diagnostic errors, particularly 

when encountering ECGs complicated by confounding factors. The competency of the image 

analysis feature of GPT-4o has not been previously studied. We aimed to evaluate the diagnostic 

accuracy of GPT-4o in interpreting images of ECG tracings in the presence of confounding factors, 

and to compare its performance with that of medical practitioners.     

Material and Methods

This proof-of-concept study evaluated the customized GPT model "ECG-Analyst" for its ability to 

identify underlying atrial rhythms in ECGs complicated by confounding factors. The collection and 

validation of ECG tracings were conducted as follows: two cardiologists (Y.A, I.N) performed a web 

search, yielding 33 eligible ECGs from various sources with permission for reuse specifically for this 

investigation. Two consultant cardiologists (V.T, R.K), blinded to the original interpretations, 

independently provided their diagnoses for each ECG. In cases of disagreement, a third consultant 

(A.A) served as the arbitrator. Quality assessment led to the exclusion of 13 ECGs due to poor 

image quality or incomplete data, resulting in a final set of 20 ECGs formulated as multiple-choice 

questions. The tracings were divided into two groups: Group A, consisting of 10 ECGs with AF or 

AFL, and Group B, comprising 10 cases of non-AF/AFL ECGs. Each tracing was accompanied by a 

standardized clinical history: "an 80-year-old man with weakness for several days”. 
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The study encompassed a total of 100 medical practitioners: 25 emergency medicine physicians, 25

internists, 25 primary care physicians, and 25 cardiologists, each with fewer than five years of 

clinical experience. Participants were tasked with identifying whether the underlying rhythm depicted

in each ECG was AF, AFL, or non-AF/AFL [e.g. sinus rhythm, ectopic atrial rhythm, multifocal atrial 

tachycardia (MAT), supraventricular tachycardia, atrial pacing, ventricular rhythm, etc.]. Each 

question presented three potential answers, of which only one was correct. The detailed questions 

are outlined in Table 1. For example, if the correct answer was AF, then selecting AFL was 

considered incorrect. The questions were administered using Google Forms and time restriction 

was 15-minute. All physicians were contacted via their hospital-affiliated E-Mail addresses and 

completed the questionnaire anonymously. Prior to commencement, participants were briefed on 

the study's scope and objectives.     

In the subsequent phase, the same 20 questions were presented to the GPT-4o model equipped 

with the image evaluation feature, prompting it to provide "the most suitable answer”. To account for 

reproducibility, the questions were presented 5 times over consecutive days, with the order of the 

questions varied each day, and the responses were documented. The answers from the emergency 

medicine physicians, internists, primary care physicians, cardiologists, and Chat-GPT were 

examined separately across three categories: overall success rate, missed diagnosis of AF or AFL, 

and overdiagnosis of AF or AFL. The study was approved by the Review Board of the Carmel 

Medical Center and adhered to the principles of the Declaration of Helsinki. 

Power analysis 

With a significance level set at 0.05, power at 0.95, and large effect size at 0.8 (Cohen's d), the 

sample size was calculated using the G Power program to be 25 participants for each group, 

totaling 100 participants.

Statistical analysis

To test the differences in total scores (groups A and B) among physicians from the different fields, a 

one-way analysis of variance (ANOVA) was conducted. The Shapiro-Wilk test was used to assess 

the normality of total scores, and Levene's test evaluated the equality of variances across groups. A 

Tukey post-hoc test was performed to identify specific group differences. To evaluate the differences

in Group A and in B scores between groups of doctors, the Shapiro-Wilk test assessed the normality

of scores. Some groups did not conform to normality, so the Kruskal-Wallis test was used for 

comparisons. A post-hoc test examined specific group differences. Non-normal distribution in some 
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groups led to the use of the Kruskal-Wallis test for comparisons. Statistical analysis was performed 

with IBM SPSS Statistics 25, and P values less than 0.05 were considered statistically significant.

CardiologyGPT-4oEmergency
medicine

Primary
care

Internal
medicine

Group A: AF/AFL 

1AF in the presence of ventricular

paced rhythm and low-amplitude

atrial activity [14]

606032 *(12)8 *(12)16

2AFL with variable AV conduction
[15]

84 *(8)60 *(40)72 *(20)40 *(48)56 *(28)

3Pre-excited AF in WPW [16]68 *(4)40 *(20)60 *(8)16 *(12)44 *(8)

4AF with rapid ventricular rate and

transient RBBB (Ashman

phenomenon) [17]

72 *(20)40 *(40)64 *(16)20 *(8)56 

5AF with rapid ventricular rate and

extremely wide LBBB [18]

6060282020

6AFL 2:1 conduction (Fig. 1) [19]840525652

7AF with biventricular pacing and

PVCs [20]

724036852

8AF with RVH and low amplitude

atrial activity [21]

720522432

9AF with wide QRS [22]80 *(8)056 *(28)36 *(12)36 *(16)

10AF and low voltage QRS [23]9607652 *(16)64 *(12)

Group B: non-AF/AFL

11Multifocal atrial tachycardia  [24]5660443220

12Sinus with baseline artifact

mimicking AFL [25]

68 0 52 20 40

13Sinus bradycardia, first degree

AV block and PVCs  [25]

96 60 7552 68

14Sinus with PACs and low

calibration of 5 mm/mV (Fig. 2)

60 80 48 28 44

15Sinus with atrial couplets [26]96 10080 6888

16Sinus with PACs, prolonged PR
interval and wide QRS [25]

72 0 44 24 44 

17Sinus with PACs and poor

baseline quality [27]

88 60 68 6048 

18Sinus with baseline artifact [28]960 76 48 60 
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19Sinus with U-wave and low P-

wave amplitude [29]

92 10068 56 56 

20Multifocal atrial tachycardia [30]6880522024

Table 1: Questions and the percentage of correct responses according to different subgroups. AF: 

Atrial Fibrillation AFL: Atrial Flutter AV: Atrioventricular ECG: Electrocardiogram LBBB: Left Bundle 

Branch Block PACs: Premature Atrial Contractions PVCs: Premature Ventricular Contractions 

RBBB: Right Bundle Branch Block RVH: Right Ventricular Hypertrophy WPW: Wolff-Parkinson-

White. * The percentage of participants who misclassified AFL as AF, or vice versa, in Group A 

questions.

Results

Significant differences were observed among the different participant groups in both the AF/AFL 

questions, non-AF/AFL ECG questions, and total ECG questions (P < 0.001). GPT-4o scored only 3

(±2) out of the 10 Group A questions, and an average of 5.40 (±1.34) in Group B, the non-AF/AFL 

questions (P < 0.001). Cardiologists outperformed the other groups by providing an average score 

of 7.48 (±1.38) correct answers in AF/AFL ECG questions, an average of 7.92 (±1.46) correct 

answers in the non-AF/AFL ECG questions, and an average of 15.4 (±2.21) correct answers in total 

ECG questions. The average score of the other groups was 8.4 (±2.50), 11.36 (±2.36), 6.88 (±2.36),

9.2 (±2.16), for GPT-4o, emergency medicine physicians, internists, and primary care physicians, 

respectively (P < 0.001). The lowest average scores were documented among primary care 

physicians, with an average of 2.8 (±1.41) in Group A questions, and 4.08 (±1.80) in Group B ECG 

questions (P < 0.001). Detailed information regarding the data is presented in Table 2.

P valueNSDMean)%( 

<0.001252.2115.4( 77)CardiologyTotal

52.508.4( 42)GPT-4o

252.3611.36( 56.8)Emergency medicine

252.316.88( 34.4)Primary care

252.169.2( 46)Internal medicine 

<0.001251.387.48( 74.8)CardiologyGroup
A:

AF/AFL 523.0( 30)GPT-4o

251.135.28( 52.8)Emergency medicine
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251.412.80( 28)Primary care

251.364.28( 42.8)Internal medicine 

<0.001251.467.92( 79.2)CardiologyGroup
B:

Non-
AF/AFL

51.345.40( 54)GPT-4o

251.636.08( 60.8)Emergency medicine

251.804.08( 40.8)Primary care

251.254.92( 49.2)Internal medicine 

Table 2: Evaluation of the number of correct answers according to groups and categories.

Upon examining the relationship between the groups; in Group A, the AF/AFL ECG questions, no 

significant difference was detected between GPT-4o, internists, primary care physicians, and 

emergency medicine physicians (p = 1.000, p = 1.000, p = 0.329). Cardiologists were found to be 

more successful than compared to the emergency physicians (p = 0.008) and other subgroups (p < 

0.001). In Group B, the non-AF/AFL ECG questions, cardiologists again were observed to be more 

successful compared to internists, primary care physicians, and emergency medicine physicians (p 

< 0.001, p < 0.001, p = 0.03), however, no significant difference was found when compared to GPT-

4o (p = 0.17). Among the other subgroups, no statistical difference was observed between the 

interpretations of GPT-4o, internists, primary care physicians, and emergency medicine physicians 

(p = 1.000). Lastly, when the accuracies of total ECG questions were examined, cardiologists 

demonstrated the highest accuracy in ECG interpretation, surpassing both other doctors and GPT-

4o (p < 0.001). Emergency physicians followed in accuracy, outperforming internists and primary 

care physicians (p = 0.01, p < 0.001), whereas comparison to GPT-4o only indicated a trend rather 

than statistical significance (p = 0.068). GPT-4o was found to perform similarly to both internists and

primary care physicians (p = 0.952, p = 0.852). More detailed information is presented in Table 3.

P valueGroups comparison

<0.001*
**

Cardiology – GPT-4oGroup A:
AF/AFL

0.008**Cardiology – Emergency medicine

<0.001*
**

Cardiology - Primary care

<0.001*
**

Cardiology – Internal medicine
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0.329GPT-4o – Emergency medicine

1GPT-4o - Primary care

1GPT-4o -Internal medicine

<0.001*
**

Emergency medicine - Primary care

0.623Emergency medicine - Internal medicine

0.117Primary care - Internal medicine

0.17Cardiology - GPT-4oGroup B:
Non-AF/

AFL 0.03*Cardiology - Emergency medicine

.<001**
*

Cardiology - Primary care

.<001**
*

Cardiology - Internal medicine

1GPT-4o - Emergency medicine

1GPT-4o - Primary care

1GPT-4o - Internal medicine

0.005**Emergency medicine - Primary care

0.282Emergency medicine - Internal medicine

1Primary care - Internal medicine

<0.001*
**

Cardiology - GPT-4oTotal ECGs

<0.001*
**

Cardiology - Emergency medicine

<0.001*
**

Cardiology - Primary care

<0.001*
**

Cardiology - Internal medicine

0.068GPT-4o - Emergency medicine

0.852GPT-4o - Primary care

0.952GPT-4o - Internal medicine

<0.001*
**

Emergency medicine - Primary care
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0.01*Emergency medicine - Internal medicine

0.004**Primary care - Internal medicine

Table 3: The Relationship Between the Groups. *p < 0.05, **p < 0.01, **p < 0.001

According to our study results, GPT-4o consistently answered questions 6, 8, 9, 10, 12, 16, and 18 

incorrectly. GPT-4o struggled particularly with questions 8, 9, and 10, which all displayed low 

fibrillatory wave amplitude (FWA), and questions 12 and 18, which were complicated by baseline 

artifacts. Conversely, GPT-4o received the highest average scores on five questions: 11, 14, 15, 19, 

and 20. Specifically, questions 11 and 20 depicted MAT; question 14 displayed sinus rhythm with 

premature atrial contractions (PACs) and low calibration of 5 mm/mV; and questions 15 and 19 

depicted atrial couplets and U-waves, respectively. Detailed information regarding the distribution of 

correct answers per question is presented in Table 1.   

Discussion

Our primary aim was to evaluate the diagnostic accuracy of the newly developed image analysis 

feature of GPT-4o in interpreting ECGs complicated by confounding factors. By comparing its 

performance to that of medical practitioners, our findings underscore the limitations of the 

customized GPT model in accurately identifying AF under these challenging conditions. 

Our study elucidates several key observations. Firstly, GPT-4o demonstrated a level of susceptibility

to electrocardiographic confounders similar to that of human interpreters, which affected its 

diagnostic accuracy. Many confounding factors contributed to false negative interpretation of AF, 

including low FWA, pre-excited AF, Ashman phenomenon, paced-rhythms, PVCs, AFL with variable 

atrioventricular (AV) conduction, and very rapid or slow ventricular rates. In particularly, the 

presence of paced-rhythm negatively influenced the diagnostic accuracy across all fields. This 

aligns with existing literature reporting low accuracy rates among hospital physicians, primary care 

physicians, and even board-certified cardiologists  [8,14,31]. Intriguingly, with computer-based ECG 

interpretation, by far, the most common errors are related to paced rhythms [8]. Clinically, this is 

relevant due to the high incidence of AF in pacemaker patients, which is exacerbated by chronic 

right ventricular pacing [32]. Considering the low FWA depicted in questions 8, 9, and 10, it is evident 

that unlike coarse AF, fine AF exhibits oscillations with amplitudes less than 0.1 mV, making it more 

prone to elude detection. While medical practitioners, especially cardiologists and emergency 

physicians, performed at an above satisfactory level, GPT-4o repeatedly responded incorrectly 

during all prompts, falsely categorizing these tracings as sinus rhythm. We asked it to explain why it 

struggles with the recognition of AF in this context, and the response was as follows: “These subtle 
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oscillations can be mistaken for baseline noise or sinus rhythm. Unlike human cardiologists who are

trained to recognize these faint signals, the AI model may lack the nuanced understanding and 

contextual knowledge required to accurately identify fine AF”.

Noteworthy, a missed diagnosis of pre-excited AF can be particularly detrimental. If this unique 

pattern is misinterpreted as a ventricular arrhythmia and treated with amiodarone, it can 

paradoxically lead to ventricular fibrillation [33]. According to our data, the diagnostic accuracy in 

question 3 was highest among cardiologists (68%) but unacceptably insufficient across other 

groups, with notably low rates among internists (44%), GPT-4o (40%), and primary care physicians 

(16%). Additionally, as reflected by question number 2, both GPT-4o and a substantial number of 

doctors misclassified AFL as AF (48% of primary care physicians, 28% of internists, and GPT-4o in 

2 out of 5 prompts). Not unfrequently, AFL with variable AV conduction is misinterpreted as AF due 

to the irregularity [34], which unlike cases of AF, is caused by the changing refractoriness of the AV 

node. This highlights a common misconception about the clinical relevance of distinguishing 

between these two arrhythmias. While they share similarities in management, their response to 

pharmacotherapy and rhythm control strategies differs, as reflected in current guidelines [35]. 

Moreover, as demonstrated by tracing number 6, diagnostic challenges emerge when AFL presents 

with a 2:1 conduction ratio. Similar to many computerized ECG algorithms, GPT-4o consistently 

failed to identify 2:1 AFL (Figure 1.) [36]. In this situation, the underlying atrial depolarization is 

partially masked, as the flutter waves are 'buried' within the T-wave or QRS complexes, which 

makes discrimination difficult for computer algorithms.   

As our findings indicate, several confounding factors could contribute to the false positive diagnosis 

of AF in both physicians and GPT-4o interpretations. Consistent with findings from previous studies 
[8,37,38], factors such as PACs, reduced ECG quality, baseline artifacts, low-amplitude P-waves, and 

supraventricular tachycardias, can all lead to false-positive diagnoses of AF. Analyzing GPT-4o's 

responses to the ECGs in Group B, its overall performance was deemed average. Despite some 

correct interpretations, the model's performance was particularly compromised in cases number 12 

and 18, both involving movement artifacts that mimic fibrillatory waves, resulting in incorrect 

responses that the majority of cardiologists and emergency medicine specialists were able to avoid. 

In several tracings, GPT-4 demonstrated the highest accuracy rates, with one particularly notable 

diagnosis being MAT, as depicted in questions 11 and 20. As shown in Table 1, medical practitioners

have performed poorly in identifying MAT, a relatively common arrythmia. Historically, MAT has been

notoriously labeled as a frequent arrhythmia misclassified as atrial fibrillation by many physicians 

and ECG computer analysis programs [39]. GPT-4o accurately explained its analytical decision-
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making process by noting the presence of an irregular rhythm, a rapid atrial rate, at least three 

different P wave morphologies, and variable P-P, P-R, and R-R intervals. The distinction between 

MAT and AF is crucial, as the treatment of MAT primarily focuses on managing underlying 

conditions, such as heart failure or pulmonary disease exacerbation, rather than adhering to strict 

rate or rhythm control strategies commonly employed in AF. Moreover, unlike AF, anticoagulation 

therapy plays no role in the management of MAT.

Our data contradict the findings of a recent study, which reported that an earlier iteration, GPT-4, 

outperformed cardiologists and emergency medicine specialists in analyzing routine ECG questions 

and was non-inferior to cardiologists in complex cases [11]. However, this notion should be taken with 

a grain of salt due to major methodological gaps in the study design, particularly the use of ECG 

descriptions rather than actual ECG images. Therefore, while the textual interpretation of ECGs may

offer potential educational benefits, asserting its research or clinical relevance seems questionable. 

Besides, as depicted in Table 1, another major pitfall in utilizing GPT-4o is its relative inconsistency 

when prompted with the same query, despite unchanged structure and content. These variations 

may be attributed to the model's underlying structure, learning architecture, and parameter settings, 

making it challenging to reproduce consistent responses to repeated queries.       

Finally, while not the primary focus of this study, our findings uncovered significant knowledge gaps 

and alarmingly low accuracy rates among certain subgroups, specifically primary care physicians 

(40.8%) and internists (49.2%). This resulted in substantial over- and under-diagnosis of AF and 

AFL in the presence of confounding factors. These results align with previously published real-world

outcomes [5,40], and raise concerns about the adequacy of post-graduate ECG education, 

underscoring the pressing need to address this gap.       

To conclude, although GPT-4o model showed some correct interpretations, its overall performance 

was not superior to that of medical practitioners, with unacceptably high rate of under- and over-

recognition of AF and AFL in ECG tracings complicated by confounding factors. This finding is 

crucial, as it highlights that despite the theoretical appeal of AI advancements in clinical settings, 

human expertise remains indispensable. The superiority of cardiologists, and to some extent 

emergency physicians, is particularly evident in complex diagnostic scenarios. Similar to non-expert 

ECG readers, the chatbot exhibited a pronounced susceptibility to electrocardiographic 

confounders. Despite its potential as a supportive tool for ECG interpretation, our experience 

indicates that substantial development in GPT-4o's diagnostic capabilities is warranted before it can 

be reliably integrated into clinical practice. Nevertheless, it is too early to render a final verdict on 
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this emerging innovative technology. Future research should focus on refining these technologies to 

better address the complexities of clinical diagnostics.

Limitations

Our study did not aim to comprehensively evaluate GPT-4o's overall proficiency in ECG 

interpretation. Instead, it focused on assessing the model's performance in interpreting ECGs 

complicated by confounding factors, particularly in the context of AF and AFL. Hence, further 

research is needed before drawing firm conclusions about other aspects of GPT-4o’s diagnostic 

capabilities in general ECG interpretation.      
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